Abstract This paper presents a methodology and all procedures used to validate it, which were executed in a physics laboratory under controlled and known conditions. The validation was based on the analyses of registered data in an image sequence and the measurements acquired by high precision sensors. This methodology intended to measure the velocity of a rigid object in linear motion with the use of an image sequence acquired by commercial digital video camera. The proposed methodology does not need a stereo pair of images to calculate the object position in the 3D space: it needs only images sequence acquired for one, only one, angle view (monocular vision). To do so, these objects need to be detected while in movement, which is conducted by the application of a segmentation technique based on the temporal average values of each pixel registered in N consecutive image frames. After detecting and framing these objects, specific points belonging to the object (pixels), on the plane image (2D coordinates or space image), are automatically chosen, which are then transformed into corresponding points in the space object (3D coordinates) by the application of collinearity equations or rational functions (proposed in this work). After obtaining the coordinates of these points in the space object that are registered in the sequence of images, the distance, in meters, covered by the object in a particular time interval may be measured and, consequently, its velocity can be calculated. The system is low cost, use only a computer (architecture Intel I3), and a webcam used to acquire the images (640 9 480, 30 fps). The complexity of the algorithm is linear, fact that allows the system to operate in real time. The results of the analyses are discussed and the advantages and disadvantages of the method are presented.
Introduction
Object movement in any environment is a common research field in Digital Image Processing (DIP). Among the several types of systems capable of monitoring movement in any specific environment, there are those that detect and count moving vehicles [2, 12, 21] ; and those that measure the velocity of vehicles [27, 28] .
In [2] , the monitoring system of traffic flow and road traffic analysis is developed. This system uses methods of image processing and pattern recognition to measure the velocity and recognize the license plate number of the vehicles.
In [12] , the system of detection and classification of vehicles is proposed, which uses the size of vehicles identified in segmentation process to calculate the height and the actual length of the same, allowing to classify them as vehicles and not vehicles (Vans, Pick Ups, Trucks).
In [21] , a vehicle counting system is proposed, which calculates the total number of vehicles that are traveling on the highway through a tracking zone, in which is performed the extraction of the highway structure, the detection of the moving vehicles and finally the count of vehicles identified in the detection process.
Already the system developed by [27] uses the camera calibration method of Tsai in two phases [23] to define the intrinsic and extrinsic parameters of the camera and a mathematical model to define the geometric relationship between plane image and space object, aiming to convert the coordinates of the plane image (2D), in which the vehicle is, into the coordinates in the world (3D). Finally velocity in linear motion is measured on basis of the difference of time between two sequential frames.
In [28] , the system developed is aimed to calculate the vehicle velocity. The main idea of this system is the creation of several control lines in the image. The control lines introduced on the image are used to define the traffic ranges and create points of correspondence with the real world. Based on these points is calculated actual position of each pixel to control the vehicle in the world. With the coordinates in hand, the vehicle velocity is calculated through the covered distance between two points in a given time interval.
To develop a monitoring system based exclusively on the use of DIP techniques, several problems need to be overcome. First of all, such a system must be able to detect and segment the element being monitored in the scene. The segmentation method must be robust, as it must be able to circumvent several adverse conditions such as those inherent to the element of interest itself (color, size, geometric shape, differences in texture patterns, and its own movement in the scene), as well as those problems relative to the environment (variations in the intensity of solar illumination, rain, shadows, interferences caused by other objects present in the scene, etc.). In other words, a monitoring system based only on images has to overcome not only the problems caused by the environment, but also those caused by the object of interest itself.
These problems are difficult to be treated. Robust methods that detect movement of an object in an image sequence are constantly improved or proposed, as: based on optical flow [4, [6] [7] [8] 18] ; motion history image [9, 10] ; background segmentation by codebook model [15] .
An additional problem exists when elements belonging to the imaged scene need to be reconstructed tridimensionally using, only, the data from the image. One possible way to perform this reconstruction is through the computing of stereo pairs images and reconstruct the space object by the application of photogrammetric methods [1, 17] .
To proceed this reconstruction, it is necessary, at first, to carry out internal and external orientation of the camera and after performing the rectification and registration of such images acquired in stereo vision, then you should search for homologous pixels between images of the stereo pair for reconstructing these points in the space object [1, 6, 24] .
As can be seen, only performing a study on the 3D reconstruction based on images analyses is a problem of significant value. The insertion of other problems can introduce severe errors in this study. How to consider, for example, the motion of a body in an uncontrolled environment introduces difficulties and uncertainties in the 3D reconstruction process.
Thus, this work has only the aim to propose a method for 3D reconstruction of interest points observed in a sequence of images acquired under known conditions, and use those points to measure the velocity of moving objects.
The innovation introduced by this work is to consider only images acquired by a monocular vision system, and this way, to eliminate the photogrammetric procedures (internal and external camera orientation, images rectification and registration and the search for homologous pixels).
So, a new method to solve this problem is proposed and to validate this method an experiment was executed in a physics laboratory under controlled and known conditions. This study involves the reconstruction of points belonging to the plane image (2D) into the corresponding points in the space object (3D) using monocular image sequences acquired by a commercially available, low-cost, digital video camera [3, 13] .
To measure the velocity of a rigid object in linear motion, the covered distances have to be computed. When it is performed using images or points of interest on the image, the image must be geometrically corrected. This geometric correction is required due to the sphericity of the camera lens; all acquired images must be managed by the central perspective projection (as can be seen in Fig. 1 ), resulting in all points in the object image (3D) within an image being registered on the plane image (2D) leading to losses of data and geometric distortions.
The goal of this study was to present a method enable to determine the velocity of a rigid object in linear motion in real time with the use of monocular image sequence analysis.
This study presents the application of a technique to image sequence segmentation that considers the history of the variation of values associated with the homologue pixels registered in successive image frames [15] , and the analysis of geometric relations between points in real space (space object) and the corresponding points on the plane image, obtained by collinearity equations [5, 26] and rational functions [19, 20, 22] . This paper has been organized as follows: Sect. 2 presents the method applied during the segmentation phase. Section 3 describes how the conversion of plane image coordinates into space object coordinates was conducted. Section 4 describes the proposed system, as well as the experimental results. Finally, in Sect. 5, conclusions are presented and the final considerations are made.
Image segmentation based on the history of the values associated with pixels
Kim et al. [15] developed a technique for image segmentation that permits capturing background variations and dealing with scenes that contain moving objects or differences in lighting. This technique quantizes samples of each pixel of an image in codebooks, which represents, in a compact manner, the background model of image sequences in a particular period of time.
To apply this technique, it is necessary to acquire, a priori, a training value sequence X for each pixel from each image frame. For N image frames, N vectors x, belonging to the color space RGB, X ¼ fx 1 ; x 2 ; . . .; x N g, are necessary to enable the historical register of the color value variation (or any other attribute) occurred in a determined period of time associated with each pixel. Each pixel has a codebook C ¼ fc 1 ; c 2 ; . . .; c L g composed by L codewords. Each codeword c i , i = 1.. L, is composed by an RGB
Þ and a tuple aux i ¼ Î min i ;Îmax i ; f i ; k i ; p i ; q i that contains brightness intensity and the temporal variables described as follow:
• Î min i ;Îmax i : represent, respectively, the smallest and the largest brightness value observed among all brightness values associated with the variation occurred in the historical register of the pixel i;
• f i : represents the frequency a codeword occurs;
• k i : represents the longest time interval (during the training period) that one codeword was not recovered; • p i , q i : represent, respectively, the first and the last access time that occurred in the codeword.
Reference model training
To cope with changing global and local lighting, Kim et al. [15] developed a model for dealing with color distortion and brightness distortion. Consider the input pixel X t ¼ ðR; G; BÞ and a codeword c i , where
The color distortion can be calculated by:
This calculation is represented by the function colordist, i.e.,
The color distortion can be interpreted as a brightnessweighted version in the normalized color space. This is equivalent to normalizing a codeword vector to the brightness of an input pixel. This way, the brightness is taken into consideration for measuring the color distortion, and to avoid the instability of normalized colors.
Consider also the brightness function, given by: In the training period, each value X t sampled at the time t is compared to values on the codebook to determine if a codeword c m that corresponds to the sampled value exists. To determine if a codeword exists, an average value for the distortion on the limits of the color and brightness in the codeword of index m is applied.
In the algorithm presented in Table 1 , both conditions (a) and (b) present in step III-(ii) are satisfied when the color of X t and c m are similar, and the brightness of X t is among the acceptable limits of the brightness of c m .
Condition (a) verifies the distortion (d) of the values associated with an entry pixel X t ¼ ðR; G; BÞ relative to a codeword c i in which The a value is obtained through experiments. The value 0.4 allows large brightness bounds, but 0.7 gives tight bounds. The b is additionally used for limiting I hi since shadows (rather than highlights) are observed in most cases. In the case of the experiment, the values a = 0.5 and b ¼ 1:2 were set empirically.
The training for background modeling generates a codebook for each pixel, formed by codewords that represent the history of values associated with each image pixel in a determined training period. However, many of these values belonging to a codebook of each pixel represent invalid entries, such as noises or moving objects. Such entries are eliminated through the creation of a reference model.
Reference model
The reference model of an imaged scene (Eq. 9) is generated based on the data filtered from the codebook for all the pixels. This filtering process removes from the codebook all the codewords that represent noises or moving objects, keeping only the entries that represent the image background.
The term Tm in Eq. 9 represents a threshold value used to remove codewords that are supposedly associated with noises and moving objects. According to [15] , it is advisable that the most adequate value for this threshold is the amount of frames used in the reference model training Table 1 Codebook construction algorithm [15] process divided by 2. In outdoor environments it is advisable [27] , to use a reference model training period of over 5 min.
Background detection
Once the reference model is obtained, it is possible to subtract from a current image the pixels referring to static objects (image background). The algorithm presented in Table 2 verifies if any pixel in the image belongs to the background or to the moving objects.
Coordinate conversion
This section describes the techniques used to conduct coordinate conversions from plane image (2D) to space object (3D).
Two models will be presented for this conversion, the polynomial one, suitable for images when you do not know the parameters of interior orientation of the acquisition sensor and collinearity equations, based on geometrical relationship of the perspective projection and knowledge of the parameters of interior orientation camera.
Polynomial models
It is possible to relate the plane image and the space object through Polynomial models [22] . The short form of a simple polynomial (non-rational) may be given by the Eqs. 10 and 11:
where (l, c) represent the coordinate of a determined pixel in the matrix image (row and column, respectively); x, y and z are the tridimensional Cartesian coordinates of the point on the ground; a ijk , and b ijk are the polynomial coefficients; and m, n, p are integer values, that belong to the interval [0, 3] , with m ? n(?p) being the order of the polynomial functions, generally three. Equations 12 and 13 show in more detail an example of an expansion of the notations referring to Eqs. 10 and 11; in this case, a polynomial is of the third order in the 3D space.
According to [20] , there are distortions or movement patterns that may be modeled or corrected by specific polynomial terms (Fig. 1) . However, the main advantage of using the polynomial model is the correction of all sources of distortions simultaneously [19] .
The parameters of the Eqs. 12 and 13 are determined knowing of at least 21 points (control points) in threedimensional cartesian coordinates (space object) and his record in the image.
The same Eqs. (12 and 13), can be used to determine the three-dimensional coordinates of points, setting the Z coordinate and calculating the X and Y coordinates.
Collinearity equations
Collinearity equations permit to relate plane image to space object transforming the space object coordinates into plane image coordinates (and vice versa). In photogrammetric process, collinearity equations [16] reproduce mathematically the process of image formation, linking the coordinates in the space object (3D) to their corresponding coordinates in the plane image (2D). The basic principle to establish collinearity is based on the condition that points C (perspective center), p' (image point) and P (object point) belong to the same line [5, 26] .
The geometry shown in Fig. 2 presents the following similar triangles DCDB * DCdb and DCBA * DCba and, therefore, permits to establish the following geometric relationships between the measurements:
which permits to determine the projective equation systems:
where x p ; y p ; z p À Á is the coordinates of point p' in the plane image, corrected for systematic errors (carried out interior orientation); (X, Y, Z) is the coordinates of point P in the space object.
In case of the coordinates in the space object are translated, rotated or with a different scale from the plane image ( Fig. 3) , similarity transformation must be applied on the referential system coordinates of the space object (point P) to the referential system of the plane image (point p'). This transformation may be conducted in three steps: (a) applying three translations in order to compensate the spatial difference between the origins; (b) applying rotation to compensate angular differences; and (c) execute the correction of the difference in scale between the referential systems.
The rotation movements occur counterclockwise, considering that the referential system of the image gyrates while the object remains fixed, whose rotation matrices M j ; M r ; and M x are given by:
The matrices M j ; M r e M x are rotation matrices around the axes x, y and z, respectively. [16] The rotation matrix M (M ¼ ðM j :M r :M x )) is given by: and the transformation will happen through:
in which
• k is a scale factor;
• X c , Y c and Z c are the coordinates of the perspective center in the object reference system; • X, Y and Z are the point coordinates in the system XYZ.
The equation system described in Eq. 18 may be written as:
By replacing Eq. 19 in the projective Eq. 15, k is eliminated from the equation system, resulting in the collinearity equations, Eq. 20:
The equation system, Eq. 20, is used in the negative film image conception [19] ; when applied on the reversal film, due to the fact that z p = -f (focal distance), it becomes:
The Eq. 21 can be used to determine the exterior orientation parameters of the camera. Thus, it is necessary that at least four points with known coordinates in the three-dimensional Cartesian coordinate system to be imaged.
The inverse form of the collinearity equations may be obtained by applying the inverse transformed in the equation system, Eq. 18, which results in:
By replacing Eq. 23 in the Eq. 22, resulting in:
The Eq. 24 may be written as:
By isolating the terms X P and Y P from Eq. 25, the inverse form of the collinearity equations is obtained (Eq. 26).
4 The system A computational system capable of measuring the velocity of a rigid object in linear motion was developed. This system is composed by five modules:
1. interface module, responsible for performing the interface between the computational system and the video camera, capturing the images acquired by the camera and making them available for processing; 2. the module responsible for conducting the detection of moving objects in a sequence of acquired images, using the segmentation module based on the Bradski's Mean Shift algorithm; 3. the coordinate conversion module, responsible for performing the coordinate conversion from plane image to space object by using the collinearity equations or the polynomial model. This module has as the entry parameter the knowledge a priori of 21 M ¼ cos u cos j cos x sin j À sin x sin u cos j sin x sin j À cos x sin / cos j À cos u sin j cos x cos j À sin x sin u sin j sin x cos j À cos x sin u sin j sin u À sin x cos u cos x cos u 2 4 3 5 ð17Þ Fig. 4 Flowchart of the system points of the space object with their respective points on the plane image. In case the conversion method chosen is the collinearity equations, the information about camera calibration is also inserted; 4. the module responsible for measuring the velocity of an object and conducting the analyses relative to this value; 5. the module responsible for exhibiting the sequences of images with the superposition of the computed details.
The implementation of the system (i.e., system modules) is represented in the flowchart in Fig. 4 , which is explained in the sequence.
All modules were implemented in C ?? . The OpenCV library was used to handle and to process the captured images.
The implementation starts with the initialization of the interface module, where the source of images is set (webcam of video file). In the following, it is possible to pick an image frame from the video source and to store it in the RAM. This image is represented by the structure IplImage, provided by the OpenCV library.
The image orientation process is done in a unique image, because the camera stands in a still position during the acquisition of the images. After the observation of the controlling points from the image (in the reference plate, to see Fig. 6 ), the coordinate conversion module is activated, receiving as a parameter, the mathematical model (Eqs. 12 and 13 to the polynomial method or Eq. 26 to the collinearity equations). The module also receives, as parameters, the intrinsic and extrinsic camera data, with the control points from the image space and their respective coordinates in the object space (21 control points). In this module, it is applied a method to determine the orientation parameters that will be used to convert the points from the space image to the space object.
Following the initialization of the coordinate conversion module, the object detection module is started, and the background image is computed from captured environment images for, at least, 40 s. The background image will be used to segment the moving bodies.
In the following, the monitoring task is started, by activation of the velocity measurement module. Another module is responsible to exhibit the results on screen.
The detection module captures a frame from the image sequence and segments it to verify if there exists an object inside a region of interest given by a bounding box (Fig. 5) . If the object is found in the bounding box, the object control point is determined (lower left coordinate) and sent to the measurement module. The segmentation module recalculates the background image taking into account the last captured frame. After this recalculation, the process iterates and another frame is captured from the image sequence.
If the detected object in the segmentation step is located after the region of interest, the measurement module converts the control points by the application of the coordinates conversion module and the velocity is measured as well. The exhibition module takes the computed data and displays it on screen. 
The experiment
To validate the system and the methodology developed, an experiment was performed in an Applied Physics Laboratory, with the use of a device named ''Air Track'' (Fig. 6) to measure the velocity of a rigid object in linear motion on a surface. The Air Track possesses small orifices along its sides. When compressed air is injected inside the track, air leaves these small orifices and forms an air mattress on the surface of the track. This system permits that an object slides over the track with no (or insignificant) friction between the surfaces.
Five photoelectric sensors are placed along the track, each sensor is connected to a chronometer (precision of 5 9 10 -4 s). The distances (Ds) that separate the sensors one from the other are known. When an object slides over the track, passing by the first sensor, all chronometers are activated from zero second display. When the object passes by the following sensors, the chronometer connected to that sensor is stopped. Thus, the distance traveled by the object between each sensor and the time (Dt) needed to cover each of the distances are obtained. With these data, the velocity value, v = Ds/Dt, is calculated at each of the measured points.
The experiment was totally registered in a sequence of images, with the use of a low-cost digital camera. Each image frame registered was submitted to the movement detection method and the segmentation of moving objects developed by [15] .
After segmenting the moving object belonging to i-th frame registered at time t i , the coordinate c i ; l i ð Þ relative to the plane image was extracted (Fig. 6 ), but significant in relation to the movement performed by the object. After obtaining all coordinates of two consecutive frames c i ; l i ð Þ and c iþ1 ; l iþ1 ð Þ , acquired at the moments t i and t i?1 , respectively, they are analyzed to detect if the object altered its position. In case some alteration in the object position takes place, a rectangle is drawn surrounding the object and the coordinates of the lower left-hand corner are used in the calculations (Fig. 6) . To calculate the velocity of the object, two parameters need to be determined: (1) the time interval in which the movement is observed (Dt); and (2) the covered distance (Ds), in metric units, by the moving object during this observation.
The time interval of the observation is obtained by the amount of frames that the camera is capable of imaging per second. For each acquired frame i, the time t i in which that happened is also registered. Thus, for two consecutive image frames:
The determination of the covered distance (Ds) must be performed in space object (3D-real world) . The point measured in the plane image (2D) needs to be transformed (Eqs. 12 and 13 -for polynomial models or Eq. 22 -for collinearity equations), so that velocity may be effectively calculated.
In order that this transformation may be used in the determination of the Cartesian 3D coordinates (space object), the parameters a i and b i (i = 1,…, 20) must be determined (Eqs. 12 and 13). These 40 parameters are determined using at least 21 photo-identifiable points (support 3D coordinates known in the space object), referencing the image to the space object coordinates. Similarly, in the case of collinearity equations (Eq. 21), the minimum requirement is four control points. Thus, the covered distance may be determined calculating the rectangle surrounding the object in the two moments.
For the performance of the experiment in the laboratory, a steel plate containing 88 visible points, distributed in a matrix arrangement, regularly spaced in 100 mm was used to establish a 3D Cartesian coordinate system, attributing coordinates X, Y and Z to the points on the plate (Fig. 7) . When images were acquired, some of the points on the plate were chosen as control points, to be measured in the plane image, enabling the determination of the transformation parameters of Eq. 22 [14] .
When the transformation parameters and the calibration information of the camera are known, any point in the image may have its coordinate in the space object estimated quite precisely. By applying the equation for the Euclidian distance in the 3D coordinates in the space object at two moments, the covered distance (Ds) is determined, which is used to determine the object velocity. Figure 8 illustrates the environment setup for the execution of the experiment. Under the air track a steel plate was (Fig. 7) , which permits to determine the points that are related between the space object and the plane image. The experiment, with the object moving over the air track, was filmed and the images acquired submitted to the proposed system, through which the velocity was calculated by image analysis and photogrammetric calculations. The value of the calculated velocity was compared with the real velocity value computed by the sensors on the air track.
Procedures for conducting the experiment

Results
This section describes the results concerning the calculation of the velocity in a straight line of a rigid object with null acceleration. To do so, a linear regression was performed, using the least squares method (LSM) [11, 25] to enable velocity interpolation. This was performed using a linear model y = b ? ax, in which the linear b and angular a coefficients values may be estimated with the use of the following expressions:
The following expressions permit to determine the deviations occurred in the calculation of the slope of the fit of the data for the linear model, a, Da, as well as determining the linear coefficient b, Db. Fig. 7 Air track system used to calculate the velocity of a rigid object in controlled conditions Fig. 8 Environment setup of the experiment
Db ¼ Da:
The slope (angular coefficient) is written as a ± Da, and the intercept (linear coefficient) as: b ± Db. The correlation coefficient (r) is a parameter for the study of bidimensional distributions, which indicates the level of dependency among associated data with the variables X and Y. The correlation coefficient r is a value obtained by applying the following expression:
n . Knowing that r 2 À1; þ1 ½ ; and is interpreted in the following way:
• r = ?1, indicates that the linear correlation between values X and Y is perfect and direct; • r = -1, indicates that the linear correlation between values X and Y is perfect and inverse; • r = 0, indicates that there is no correlation, i.e., there is total independence of values X and Y. Table 3 exhibits the velocity of a rigid object computed by the sensors on the air track. Time data collected in the four experiments were used to calculate the respective D t average values. These average values minimize the occurrence of systematic errors occurred during the performance of these experiments. Only these average values were used in the analysis performed in this study.
Computed results using photoelectric sensors
The linear equation (Fig. 9 ) calculated using LSM was s = 0.4 ? 27.7t. The correlation factor (Fig. 9 ) of the calculated line using LSM was 0.9997. This value demonstrated that the experimental data were strongly correlated with the linear model of uniform linear motion s = s 0 ? vt, where: s is the covered distance from an initial position s 0 as a function of time t with constant velocity v.
Computed results based on collinearity equations
and polynomial transformation method using automatic object segmentation Table 4 illustrates the data obtained by the software developed, using the segmentation method developed by Ds-Value of the covered distance by the rigid object in each time interval Fig. 9 Linear fit of the distances s using LSM as a function of the average time intervals Dt [15] , and the coordinate conversion method from plane image to space object based on the collinearity equations and polynomial transformation method. The values for the distance and time intervals were extracted from the sequences of image frames, which resulted in a velocity of 26.691 cm/s with a correlation factor equivalent to 0.999 (Fig. 10a) for the use of collinearity equations, and a velocity of 33.484 cm/s with a correlation factor equivalent to 0.999 (Fig. 10c) for the use polynomial transformation method.
Comparing the velocity values obtained by the method based on the collinearity equations (0.691 cm/s) with the value obtained by the photoelectric sensors (27.7 cm/s), the deviation was in the order of 3.64 %, whereas for the velocity values obtained by the polynomial transformation method (33.484 cm/s) with the value obtained by the photoelectric sensors (27.7 cm/s), the deviation was in the order of 20.88 %.
and polynomial transformation method using manual object segmentation Table 5 illustrates the data obtained by the manual capture of points in the plane image, using the coordinate conversion method from plane image to space object based on the collinearity equations and polynomial transformation method. The values for the distances and time intervals were extracted from the sequence of image frames, which resulted in a velocity of 27.905 cm/s with a correlation factor equivalent to 0.9980 (Fig. 10b) for the use of collinearity equations, and a velocity of 34.99 cm/s with a correlation factor equivalent to 0.9983 (Fig. 10d) for the use polynomial transformation method.
Comparing the velocity values obtained by the transformation method based on the collinearity Eqs. (27.905 cm/s) with the value obtained by the photoelectric sensors (27.7 cm/s), the deviation was in the order of 0.74 %, whereas for the velocity values obtained by the polynomial transformation method (34.99 cm/s) with the value obtained by the photoelectric sensors (27.7 cm/s), the deviation was in the order of 26.31 %. Table 6 illustrates the results obtained with the tests performed, highlighting the velocity measured by the automatic detection of rigid objects using the segmentation method described by [15] and by manual detection. It also shows the error in percentage caused by the automatic identification of rigid objects in the velocity measurement process, and the error in percentage of the coordinate conversion methods from plane image to space object in comparison with the velocity obtained by the photoelectric sensors data.
Analysis of the results
Based on the results obtained, it is possible to state that the technique used for the automatic identification of moving rigid objects may lead to errors in the process of Fig. 10 Linear fit of the time (t) versus distance ðsÞ using LSM. a Result Computed by collinearity equations using automatic object segmentation. b Result Computed by collinearity equations using manual object segmentation. c Result Computed by polynomial transformation method using automatic object segmentation. d Result Computed by polynomial transformation method using manual object segmentation measuring the velocity. This was due to the fact that errors occurred in the identification of the lower left-hand corner (Fig. 11 ) of the moving rigid object used as a reference point to perform the velocity measurement.
Final considerations
This study presented, implemented and experimented a methodology for the velocity measurement of a rigid object in motion, having as the starting point a monocular images sequence acquired by a digital video camera. The space object coordinates transformations and the distance computation by methods: polynomial transformation and collinearity equations The application of the modified collinearity model presented in the experiments conducted to the best results in comparison to the other models. In the best result, the estimated velocity was 27.90 cm/s, with an error of 0.74 % in relation to the velocity obtained by the photoelectric sensors (27.7 cm/s).
It is necessary to complement this study approaching the influence of scale variation in image acquisition and know if the use of points belonging to the object, with different elevation values on the object of interest have influence on the accuracy of the results achieved by the application the proposed methods.
The implemented and tested prototype in controlled conditions, with the proper considerations, demonstrated that the methodology is valid. However, further experimental tests should be performed, especially with the use of different camera viewing angles, using different distances between the camera and the scene (scale factor) and using different frame rate image acquisition to better understand how these factors may influence the results.
The advantages of using the proposed methods in this paper are:
1. need inexpensive and commercially available technology; 2. not need to use other types of sensors, only the video camera is sufficient; 3. has high computational efficiency because the required algorithms have linear complexity; 4. does not need to make calculations related to reconstruction of 3D images acquired at different viewing angles (stereo pairs).
The disadvantages of the use of the proposed methods in this paper are:
1. these methods are based on the analysis of images, then you must use a robust segmentation method that is able to overcome the problems encountered by the scene environment; 2. it is necessary that specific points of the scene (space object) with known coordinates are previously established and these points must be identified at any time operating system.
